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Abstract
Speed with which brain performs information processing influences overall cognition and is 
dependent on the white matter fibers. To understand genetic influences on processing speed and 
white matter FA, we assessed processing speed and diffusion imaging fractional anisotropy (FA) 
in related individuals from two populations. Discovery analyses were performed in 146 
individuals from large Old Order Amish (OOA) families and findings were replicated in 485 twins 
and siblings of the Human Connectome Project (HCP). The heritability of processing speed was 
h2=43% and 49% (both p < 0.005), while the heritability of whole brain FA was h2=87% and 88% 
(both p < 0.001), in the OOA and HCP, respectively. Whole brain FA was significantly correlated 
with processing speed in the two cohorts. Quantitative genetic analysis demonstrated a significant 
degree to which common genes influenced joint variation in FA and brain processing speed. These 
estimates suggested common sets of genes influencing variation in both phenotypes, consistent 
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with the idea that common genetic variations contributing to white matter may also support their 
associated cognitive behavior.
Introduction
Information processing is a fundamental cognitive function that supports the higher 
cognitive and behavior attributes, including working memory, executing function and others 
(Bartzokis et al., 2008; Salthouse, 2009). Speed with which brain processes information 
follows an inverse U-trend across the lifespan. It rises during maturation, reaches peak in the 
3rd and 4th decades of life, after which point there is an age-related decline (Bartzokis et al., 
2008; Salthouse, 2009). A life-span curve for the cerebral myelination mirrors this trend 
(Bartzokis et al., 2008; Flechsig, 1901; Kochunov et al., 2012). Myelination of the neuronal 
axons in the cerebral white matter is associated with a ten-fold higher signal transmission 
speed compared to unmyelinated axons and thirty-fold lower time needed for axonal 
repolarization to support signal transmission(Felts et al., 1997; Waxman and Bennett, 1972). 
WM supports cognitive and motor functions by facilitating the exchange of information 
across spatially distributed neural networks. We hypothesize that genetic contributions to 
white matter FA should have shared genetic control over neurocognitive processing speed 
performance. Toward that end, we use diffusion tensor imaging (DTI) methods to provide an 
in vivo measure of changes in white matter microstructure indexed by fractional anisotropy 
(FA) of water diffusion.
DTI-FA describes the directional selectivity of the random diffusion of water molecules 
(Basser, 1994; Conturo et al., 1996; Pierpaoli and Basser, 1996; Ulug et al., 1995). It is not a 
direct measurement of either myelination or white matter integrity(Jones et al., 2013). 
Instead, FA is sensitive to the anisotropy of the water diffusion created by the barrier of 
cellular membranes. For example, higher FA values (maximum theoretical value is 1.0) 
correspond to heavily myelinated WM tracts. The myelin layer of the axonal cell 
membranes hinders the diffusion of water molecules in all except the direction along the 
fiber tract, therefore producing highly anisotropic water diffusion estimates (Pierpaoli and 
Basser, 1996). Conversely, FA values are closer to zero for tissue where the water molecule 
motion is random and isotropic, such CSF. Thus, the absolute WM FA values are sensitive 
to many parameters including regional myelination levels, the degree of intra-voxel fiber 
crossing, axonal density and average axonal diameter (Beaulieu, 2002; Jones et al., 2013).
The neuroimaging research suggests a link between white matter FA and processing speed 
in healthy subjects. Among research findings linking neuroimaging measurements to 
variance in cognition, the strongest association was observed between white matter FA 
values and other proxy-measurements of white matter microstructure and fiber organization 
and the neurocognitive processing speed (Bartzokis, 2004; Bartzokis et al., 2008; Charlton et 
al., 2009; Karbasforoushan et al., 2015; Kennedy and Raz, 2009; Kochunov et al., 2009a; 
Kochunov et al., 2009b; Konrad et al., 2009; Muetzel et al., 2008; Schiavone et al., 2009; 
Vernooij et al., 2009). The overall conclusion of these studies was that white matter 
microstructure as indexed by FA and other neuroimaging indices are associated with the 
speed of cerebral information processing (Bartzokis et al., 2010). This link between white 
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matter FA and processing speed is consistent and replicable (Glahn et al., 2013; Penke et al., 
2010; Wright et al., 2015). Moreover a consistent relationship between these measurements 
has also been observed in healthy subjects(Bartzokis et al., 2010; Kochunov et al., 2010; 
Vernooij et al., 2009) and in patients with heritable psychiatric disorders(Glahn et al., 2013; 
Karbasforoushan et al., 2015; Penke et al., 2010; Wright et al., 2015), giving a strong 
rationale to study the relationship for potential sources of shared genetic contributions.
A large proportion (40-80%) of the intersubject variance in the DTI-FA values(Braskie et 
al., 2011; Chiang et al., 2012; Chiang et al., 2009; Jahanshad et al., 2012; Jahanshad et al., 
2010; Kochunov et al., 2015; Shen et al., 2014) and processing speed measurements(Glahn 
et al., 2011; Glahn et al., 2013) is explained by additive genetic factors. The high degree of 
genetic influence of these two traits posits them as important endophenotypes for genetic 
search for risk factors for heritable psychiatric disorders such as schizophrenia that are 
associated with both DTI-FA and processing speed deficits. This study aims for the first 
time to determine if shared genetic factors might partly explain the relationship between 
processing speed and white matter FA (Wright et al., 2015). We set out to (i) establish the 
degree of additive genetic contribution to processing speed and white matter FA phenotypes 
using a large pedigree cohort, (ii) test if effects replicate in an independent cohort, and (iii) 
to determine any regional tract-specificity of the shared genetic associations. Evidence that 
shared genetic factors influence white matter FA and processing speed may inform a more 
direct analytic approach for discovering influential genes in disorders that affect both 
phenotypes.
Toward these goals, we decomposed the phenotypic association between processing speed 
and FA into its genetic and environmental constituents using a family design with large 
pedigrees. The family study design offers a structure to test whether phenotypic variances 
are transmitted by inheritance of additive genetic variance. The Old Order Amish (OOA) are 
known for their very large family sizes, which include a large number of relatives and thus 
afford substantial power for genetic correlation analyses, even with a modest sample size. 
The OOA subjects are European Caucasian ancestry. They share similar rural upbringing 
and lifestyle that includes the same level of basic school education and virtually no illicit 
substance use. This relative environmental homogeneity in the OOA offers a rarely available 
setting to test shared heritability across different classes of phenotypes because 
environmental factors in the general population (for example substance abuse or differences 
in education levels) might impact each phenotype differently. Therefore, the OOA provides 
an interesting population-level control on heterogeneity and unmeasured sources of 
individual variation, making it easier to analyze the degree of shared heritability of traits.
Next we attempted to replicate the findings of shared genetic variance between DTI-FA and 
processing speed using an independent, genetically informative cohort - the publicly 
available twin-and-sibling based Human Connectome Project (HCP) dataset. In this dataset, 
both DTI-FA and processing speed (though measured differently than OOA) are available. 
Our hypothesis was that the two traits, white matter microstructure and processing speed, 
would show a consistent pattern of bivariate genetic association in both cohorts, despite the 
differences in population and methodological variability in data collection.
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Subjects—Brain imaging was conducted in 145 OOA Amish individuals (60M/85F, 
age=50.5±15.1; 18-75 years), in whom processing speed was measured in 85 (30M/55F, 
age=48.7±17.1; 18-75 years). All individuals were from seventeen nuclear families from 
Lancaster County, PA., who could be combined into a single large pedigree that connected 
them across eight generations based on genealogical records maintained by the OOA 
community and incorporated into the NIH Anabaptist Genealogy Database (AGDB) which 
traces back to the founders (Agarwala et al., 1999). Exclusion criteria included major 
medical and neurological conditions that might affect gross brain structures such as 
developmental disability, head trauma, seizure, stroke or transient ischemic attack. Subjects 
with type II diabetes and hypertension that were controlled with medications were included. 
Psychiatric conditions that were managed with medications were not excluded: the full 
sample (N=145) included 22 individuals with a lifetime diagnosis of psychiatric disorders, 
including mood disorders (n=8), anxiety disorders (n=10), psychosis (n=3), and other 
psychiatric disorders (n=1) based on the Structured Clinical Interview for DSM-IV 
Disorders (SCID). Among the subjects for whom processing speed measurements were 
available (N=85), there were 12 individuals with psychiatric disorders. Overall, this 
represented a 21.5% rate of psychiatric illness in the N=145 sample of the OOA isolate, 
comparable to the 22.4% prevalence rate of psychiatric illnesses in the general U.S. 
population (Kessler et al., 2005). All subjects with psychiatric disorders were taking 
psychotropic medications for their conditions. This included six subjects who were taking 
antipsychotics, thirteen subjects taking anti-depressants, eleven subjects taking mood-
stabilizers and four subjects taking other psychotropic medications, with some subjects 
taking two medications. Heritability and genetic correlation analyses were performed by 
adding psychotropic medication status as a binary covariate. All subjects provided written 
informed consent on forms approved by the Institutional Review Board of University of 
Maryland Baltimore.
Processing speed measurements—Processing speed was assessed with the Digit 
Symbol Coding subtest of the WAIS-3, which is considered as a test for speed of 
information processing and psychomotor response (Wechsler, 1997). The task reports the 
number of correctly coded symbols within the two-minute interval. Besides processing 
speed, the task requires elements of attention, visuoperceptual processing, and working 
memory. Raw neuropsychological assessment scores were used, and corrections for age and 
sex were performed as part of the statistical modeling by including age, age2, age × sex and 
age2 × sex as covariates.
Imaging Protocol—The full protocol is detailed elsewhere(Kochunov et al., 2011). 
Briefly, all data was collected at the Maryland Psychiatric Research Center, using a 3T 
Siemens TRIO scanner equipped with a 32-channel phase array coil. The protocol consisted 
of a single-shot, echo-planar, single refocusing spin-echo, T2-weighted sequence with a 
spatial resolution of 1.7×1.7×3.0 mm. The sequence parameters were: TE/TR=87/8000 ms, 
FOV=200 mm, axial slice orientation with 50 slices and no gaps, 64 isotropically distributed 
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diffusion weighted directions, two diffusion weighting values (b=0 and 700 s/mm2) and five 
b=0 images, calculated with an optimization technique that maximizes the contrast to noise 
ratio for FA measurements(Jones et al., 1999). The Generalized Autocalibrating Partially 
Parallel Acquisition (GRAPPA) acceleration procedure, with an acceleration factor of 2 and 
a 32-phase encoding reference line, was used in phase encoding direction. No acceleration 
along the Z-encoding direction was used. The total scan time was about 9 minutes. No 
cardiac or respiratory gating was used. The HARDI data were pre-processed with ENIGMA-
DTI pipeline. Briefly, FMRIB Software Library (FSL) package, was used to perform the 
eddy-current and motion correction and calculate the fractional anisotropy (FA) images by 
fitting the diffusion tensor to the raw diffusion data, using default parameters (Smith SM, 
2002). The quality of the data was inspected using QA/QC tools implemented in ENIGMA-
DTI pipeline with all data passing the recommended checks.
HCP Sample
Subjects—Data were from 481 (194/287 M/F) participants from the Human Connectome 
Project (HCP) released in June 2014 (humanconnectome.org) after passing the HCP quality 
control and assurance standards (Marcus et al., 2013). Participants were recruited from the 
Missouri Family and Twin Registry (Van Essen et al., 2013). All HCP participants were 
from young adult sibships of average size 3–4 that include an MZ or DZ twin pair and the 
non-twin siblings. Subjects ranged in age from 22 to 36 years (29.1±3.5 years). This age 
range was chosen as it corresponds to a period after neurodevelopment is largely completed 
and before the typical age of onset of neurodegenerative changes. This release included 117 
twin pairs (57 monozygotic and 60 dizygotic pairs), and 246 of their siblings. The full set of 
inclusion and exclusion criteria is detailed elsewhere (Van Essen et al., 2013). In short, the 
HCP subjects are healthy young adults within a restricted age range and free from major 
psychiatric or neurological illnesses (Edens et al., 2010; Sartor et al., 2010). All subjects 
provided written informed consent on forms approved by the Institutional Review Board of 
Washington University in St Louis.
Processing speed measurements—Processing speed was assessed using the NIH 
Toolbox Pattern Comparison Processing Speed (PCPS) Test (http://www.nihtoolbox.org)
(Carlozzi et al., 2013). This test asks participants to discern whether two side-by-side 
pictures are the same or not, and measures the number of items correct in a 90-second 
period. The PCPS is appropriate for use across the lifespan (ages, 3–85 years) and has high 
construct validity (Carlozzi et al., 2014).
Diffusion data collection and preprocessing—Diffusion imaging data was collected 
at Washington University, St. Louis, using a customized Siemens Magnetom Connectome 3 
Tesla scanner with a 100 mT/m maximum gradient strength and a 32 channel head coil. 
Details on the scanner, image acquisition and reconstruction reported elsewhere (Ugurbil et 
al., 2013) and are available online(https://www.humanconnectome.org/documentation/S500/
HCP_S500_Release_Reference_Manual.pdf). Diffusion data were collected using a single-
shot, single refocusing spin-echo, echo-planar imaging sequence with 1.25 mm isotropic 
spatial resolution (TE/TR=89.5/5520 ms, FOV=210×180 mm). Three gradient tables of 90 
diffusion-weighted directions, and six b=0 images each, were collected with right-to-left and 
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left-to-right phase encoding polarities for each of the three diffusion weightings (b=1000, 
2000, and 3000 s/mm2). The total imaging time for collection of diffusion data was 
approximately one hour. Diffusion data were preprocessed using the HCP Diffusion pipeline 
(Glasser et al., 2013; Sotiropoulos et al., 2013) that included: normalization of b0 image 
intensity across runs; correction for EPI susceptibility and eddy-current-induced distortions, 
gradient-nonlinearities, subject motion and application of a brain mask. FA maps were 
obtained by fitting diffusion tensor model using FSL-FDT toolkit (Behrens et al., 2003).
Extraction of whole-brain average and regional FA values
ENIGMA-DTI protocols to extract whole-brain and tract-wise average FA values were used 
for both datasets. These protocols are detailed elsewhere (Jahanshad et al., 2013) and are 
available online, at http://enigma.ini.usc.edu/protocols/dti-protocols/. Briefly, FA images 
from HCP subjects were non-linearly registered to the ENIGMA-DTI target brain using 
FSL's FNIRT (Jahanshad et al., 2013). This target was created as a “minimal deformation 
target” based on images from the participating studies as previously described (Jahanshad et 
al., 2013). The data were then processed using FSL's tract-based spatial statistics (TBSS; 
http://fsl.fmrib.ox.ac.uk/fsl/fslwiki/TBSS) analytic method (Smith et al., 2006) modified to 
project individual FA values on the hand-segmented ENIGMA-DTI skeleton mask. After 
extracting the skeletonized white matter and the projection of individual FA values, 
ENIGMA tract-wise regions of interest, derived from the Johns Hopkins University (JHU) 
white matter parcellation atlas (Mori et al., 2008), were transferred to extract the mean FA 
across the full skeleton and average FA values for eleven major white matter tracts (Table 
1). The whole brain average FA values were calculated to include all voxels in the 
ENIGMA-DTI skeleton. The protocol, target brain, ENIGMA-DTI skeleton mask, source 
code and executables, are all publicly available (http://enigma.ini.usc.edu/ongoing/dti-
working-group/).
Heritability and genetic correlation analyses
We estimated the heritability (h2) of FA values and brain processing speed as the proportion 
of the total phenotypic variance that can be explained by the additive effects of genes. 
Briefly, we modeled the observed phenotypic co-variance between each pair of individuals 
as having an expected value given by the product of their coefficient of relatedness (as 
defined by the pedigree structure) and the observed phenotypic variance of the trait 
(conditional on covariate effects). Parameter estimates including the heritability are assessed 
by maximum likelihood. The significance of the additive genetic effect (h2) is assessed by 
the likelihood ratio test that compares the likelihood of a model that includes the family 
structure versus a model that does not. All analyses were performed using the SOLAR-
Eclipse software package (http://www.nitrc.org/projects/se_linux).
To estimate the extent to which a common set of genes influences variation in brain 
processing speed and FA values jointly, we used classical quantitative genetic models to 
partition the phenotypic correlation between two phenotypes into a genetic and 
environmental components. Briefly, the phenotypic correlation can be partitioned into the 
genetic ρG, and environmental ρE components. For traits A and B this decomposition is
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where h2A and h2B denote the heritability for each trait. Thus, the shared variance is 
expressed using shared additive genetic effects and the residual environmental effects. To 
estimate the additive ρG and the random ρE for pairs of traits, the multivariate phenotype of 
an individual is modeled as a linear function of kinship coefficients that express relatedness 
among all pairs of individuals in the pedigree. Using standard quantitative genetic theory, 
the phenotypic variance-covariance matrix and its additive genetic and random 
environmental components are then obtained. From these matrices, the significance of the 
ρG and ρE are estimated directly by the likelihood ratio test (Almasy et al., 1997; Williams-
Blangero and Blangero, 1992). This test compares the likelihood of a model in which 
additive and environmental components, in turn, are constrained to zero against the full 
model in which all parameters are estimated simultaneously. This provides the estimates for 
ρG and ρE and their standard error. The significance of these coefficients is determined by a 
z-test of difference from zero. If the ρG is significantly different from the zero then a 
significant proportion of the traits’ covariance is considered to be influenced by shared 
genetic factors (Almasy and Blangero, 2010; Almasy et al., 1997).
All analyses were conducted with age, age2, age × sex and age2 × sex included as covariates. 
In OOA sample, psychotropic medication status was included as a binary covariate. Inverse 
Gaussian transformation was applied to ensure normality of the measures. The level of 
statistical significance for regional measurements was set at p=0.0045 to correct for multiple 
(N=11) comparisons. P-values in the interval of 0.0045<p≤0.05 were defined as nominally 
significant and included into the discussion.
Results
Heritability analyses
Whole-brain FA and processing speed were significantly heritable in both cohorts (h2 of 
whole-brain FA = 87% and 88% and h2 of processing speed = 43% and 49% in OOA and 
HCP, respectively) (Table 1).
Heritability analysis of regional measurements of FA values in OOA sample demonstrated 
significant heritability (after correction for N=11 comparisons) in five tracts: the genu, body, 
and splenium of the corpus callosum, cingulum and superior longitudinal fasciculus (all 
p<0.003) (Figure 1, Table 1). Nominally significant (0.0045<p<0.05) heritability values 
were also observed for all other tracts, except for the fornix (FX) (Table 1).
In OOA sample age was the sole significant covariate (p<0.05) for whole brain average 
(p=0.01), all regional FA (0.05<p<0.001) values and processing speed (p=0.02). Medication 
status in OAA was included as a covariate and was shown to be non-significant in all 
heritability analyses (all p>0.2).
Heritability values for regional FA values in HCP data were taken from our previous work 
(Kochunov et al., 2015) and were significant in all tracts (Table 1). Age was a non-
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significant covariate for either regional FA values or processing speed in HCP sample. 
There was a significant and positive correlation (r=0.75, p=0.02) between heritability 
estimates for regional FA measurements in the OOA and HCP cohorts (Figure 2).
Correlations between FA and processing speed
Significant phenotypic correlation (ρP) was observed between whole-brain average FA and 
processing speed (ρP=0.37, p=0.004). Significant phenotypic correlations were observed for 
the genu of CC and the sagittal stratum tracts (ρP=0.38, p=0.002 for both) (Table 2). 
Nominally significant ρP values were observed for the body and splenium of the corpus 
callosum, the corona radiata (CR) and superior longitudinal fasciculus (SLF) (Figure 3, 
Table 3).
Genetic correlation analyses in OAA sample demonstrated significant shared genetic 
variance between average FA and processing speed (ρG=0.63 ± 0.39, p=0.04). For regional 
FA values, although none of the coefficients achieved statistical significance at p<0.003, all 
genetic correlation coefficients were positive and nominally significant for the genu, 
splenium and fornix (Figure 3, Table 3). All environmental correlation coefficients were 
non-significant (all p>0.4).
In HCP sample, a positive and significant phenotypic correlation ρP was observed between 
average FA and processing speed (ρP=0.17 p=0.001). The ρP coefficient was numerically 
lower than that in OOA but there was no significant difference between them 
(z=1.70,p>0.1). Regionally, the ρP was significant for the SLF, cortico-spinal (CST) and SS 
tracts and nominally significant for the splenium of the corpus callosum and corona radiata 
(CR) (Table 2). The phenotypic correlation coefficients were smaller for HCP than for 
OOA, likely due to a smaller variance in the cognitive performance data (average processing 
speed ± std dev =60.0±18.9 vs. 111.8±12.0 for OOA and HCP, respectively) and in FA 
(whole brain FA: =0.365±0.021 vs. 0.399±0.012) (Table 1S, see supplement)
The ρP coefficients for regional FA measurements and processing speed in HCP were also 
not significantly different from these in OOA with exception for the genu of corpus 
callosum (p=0.02). The correlation between regional ρP values for OOA and HCP cohorts 
was positive and significant (r=0.62, p=0.04) (Figure 4, top).
Likewise, the genetic correlation analyses showed a significant correlation between whole-
brain average FA and processing speed (ρG=0.32 ± 0.10, p=0.002). There were no 
significant differences in the genetic correlation coefficients between OOA and HCP 
samples (p=0.13). Significant ρG values were observed for the splenium, internal capsule 
(IC) and SS tracts (p≤0.0045). Nominal significance was observed for the CR, external 
capsule (EC), SLF and CST tract (0.05>p>0.003). Nominally significant differences 
between OOA and HCP cohorts were only observed for the splenium of corpus callosum 
(p=0.03). All environmental correlation coefficients were non-significant (all p>0.4). The 
correlation between regional ρG was positive but not significant (r=0.45, p=0.16) (Table 3, 
Figure 4, bottom)
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We demonstrated a significant shared additive genetic contribution between intersubject 
variability in the processing speed and fractional anisotropy (FA) of cerebral WM. This 
finding was first observed in the Old Order Amish subjects and then replicated in data 
collected and distributed by the Human Connectome Project. This suggests that the common 
genetic effects significantly contribute to the phenotypic association between the two traits. 
This finding was observed despite the differences in the OOA and HCP family structure, 
sample size, age range, sociocultural background, and the imaging and processing speed 
assessment tools.
Both OOA and HCP are robust familial samples, although they also differ in several 
important aspects. The OOA cohort consisted of subjects ascertained from a large 
multigenerational pedigree. Farm-dwelling OOA subjects have higher environmental 
homogeneity compared to the urban/suburban HCP sample. OOA are perhaps best known 
for their old-fashioned dress and resistance to technological change. OOA share rural 
upbringing and similar diet, income and work environment. All OOA receive uniform 8th 
grade level education. Illicit drug use was not present in our sample. In comparison, the 
HCP sample consisted of twin-pairs and siblings with diverse ethnic and economic 
backgrounds. Other distinct features include the age range. The OOA subjects were 
recruited across the lifespan (age rage=18-75) and heritability analyses identified age as a 
significant covariate for both processing speed and FA values. The HCP recruitment was 
focused on a narrow age range from 22 to 35 years that corresponds to the plateau in the FA 
and processing speed aging trends (Kochunov et al., 2011; Van Essen et al., 2013). The lack 
of aging-related trends in FA values were already reported in HCP (Kochunov et al., 2014). 
Likewise, we found no impact of subjects’ age on the processing speed measurements in 
HCP sample (p>0.1). Thus, the OOA and HCP samples differ in environmental and likely 
population genetic contribution, making the similar findings in heritability and genetic 
correlation more convincing.
Despite the difference in imaging methods, the heritability estimates for the whole-brain 
average FA values were similar (h2=0.87 vs. 0.88) for OOA and HCP cohorts. Likewise, the 
tract-wise average FA values in OOA and HCP subjects showed a good agreement (r=0.75). 
Heritability is the proportion of the variance that is attributed to the additive genetic variance 
after correction for covariates. In OOA sample age was the only significant covariate. The 
HCP sample show no age effect likely because the recruitment strategy was designed to 
reduce the effects of age on the brain measurements by limiting age-range to that 
corresponds to a plateau in FA-aging trend (22-35 years) (Kochunov et al., 2011; Van Essen 
et al., 2013).
Another source of variability is the difference in methods used to ascertain processing speed 
in OOA and HCP samples. The digit-symbol coding test used in the OOA sample is a 
standard neurocognitive assessment tool to assess processing speed, commonly used in 
psychiatric research(Knowles et al., 2010). The processing speed in the HCP sample was 
measured using the pattern comparison processing speed test. Both tests are accepted 
measurements of processing speed and share between 30-40% of the intersubject 
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variance(Carlozzi et al., 2014; Carlozzi et al., 2013). Despite differences in processing speed 
tasks in the OOA and HCP cohorts, we found only sporadic differences in phenotypic and 
genetic correlations across samples; these differences however, were not statistically 
significant after correction for multiple compassions. The fact that phenotypic and genetic 
correlation coefficients were positively correlated between the two samples supports the 
notion that shared variance between FA values and processing speed are not specific to a 
behavioral task or a particular population.
We believe the difference in processing speed measurement tests rather than the imaging 
protocol may to a greater extent explain why the correlation coefficients in OOA subjects 
were numerically higher than these in HCP cohort. While, this difference was not significant 
for the whole-brain average FA values, it was nominally significant for the genu and 
splenium of corpus callosum for the phenotypic and genetic correlation, respectively. In 
OOA, the phenotypic correlation between FA values of the genu and processing speed were 
statistically significant (r=0.38, p=0.003). In comparison, in HCP sample this correlation 
was only suggestively significant (r=0.09, p=0.06). In the same time, there was no 
significant difference for the heritability estimate for the FA for this structure (h2=0.76 vs. 
0.89, for OOA and HCP, respectively, p=0.17). The genu contains the primary fibers 
connecting the left and right frontal lobes and the genetic contribution to processing speed 
may in part be through genetic influence on the speed of frontal lobe communication 
(Aboitiz, 1992; Aboitiz et al., 1992; Bartzokis et al., 2010). Normal aging and lesion studies 
suggest that the decision making process in the digit symbol coding task is sensitive to the 
structural integrity of the frontal white matter, regardless of variance in reaction 
time(Kochunov et al., 2010; Leavitt et al., 2011; Raji et al., 2012). Instead, the pattern of 
correlation in the HCP had a more posterior/inferior bias with the highest correlations in the 
corticospinal (CST) and the sagittal stratum (SS) areas with the PCPS processing speed task. 
The PCPS test has a heavy visual loading, which may explain the heavy loading on WM 
structures that serve visual-spatial subsystems including the splenium of corpus callosum 
(SCC) and SS. Notably, the phenotypic correlation for these structures were also nominally 
significant in OOA sample. Genetic correlation coefficients were nominally different for the 
splenium of corpus callosum, with higher ρG values observed in OOA sample (ρG =0.76 vs 
0.26 in OOA and HCP respectively). Nonetheless, both coefficients were significantly 
different from zero in OOA and HCP cohorts (p=0.02 and 0.005 in OOA and HCP, 
respectively). Therefore, the differences in the loading of the digit symbol vs. PCPS 
processing speed tests on specific cognitive domains is the likely explanation of the 
numerical differences in the phenotypic and genetic correlation coefficients between OOA 
and HCP cohorts.
A potential limitation of this study is the use of psychiatric drugs by N=22 OOA subjects, 
with a lifetime diagnosis of mental illness that may have potentially affected brain structure. 
The use of psychiatric drug was coded as a binary covariate during all analyses. However, as 
this covariate was robustly non-significant, we believe it to be a minor limitation. Another 
limitation of this study is that we did not collect peripheral pulse oximetry data during the 
DTI acquisition. Advanced DTI reconstruction techniques allow for use of peripheral data 
such as pulse and respiration to improve signal-to-noise ratio in tensor fit, especially in the 
areas of brainstem and cerebellum (Mohammadi et al., 2013). In the absence of cardiac 
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gating during the acquisition, it is also possible to vet or edit the input data with publicly 
available software that allows removal of outliers or volumes corrupted by excessive 
movement from the tensor calculation, although we did not use such an approach in this 
study.
Overall, our findings imply that specific genes influencing variance in FA values may also 
exert influence over the speed of cognitive information processing. This finding is of 
importance for neuropsychiatric disorders such as schizophrenia where the reduced speed of 
information processing and reduced cerebral FA values are highly replicable findings and 
believed to be interlinked (Alba-Ferrara and de Erausquin, 2013; Ellison-Wright and 
Bullmore, 2009; Friedman et al., 2008; Glahn et al., 2013; Kubicki et al., 2007; Nazeri et al., 
2012; Penke et al., 2010; Perez-Iglesias et al., 2011; Phillips et al., 2012). Together, our 
results support common sets of genes influencing variation in processing speed and white 
matter FA phenotypes, consistent with the idea of pleiotropic effects in brain structure and 
cognitive behavior. Our findings may pave a way for multivariate genetic localization 
analyses that combine processing speed and FA-values to directly identify genes that may 
have impact in multiple psychiatric disorders.
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Heritability of FA measurement for OOA sample.
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Heritability estimates for DTI-FA measured in OOA are presented as a scatter plot versus 
heritability estimates calculated in the HCP cohorts. The line represent the result of the 
linear correlation analysis between two cohorts that reported a positive and significant 
correlation r=0.75, p=0.02.
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Phenotypic (ρp), top row, and genetic (ρG), bottom row, correlation between of FA and 
processing speed measurement for OOA sample.
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A scatter plot of ρP (top panel) and ρG (bottom panel) values between DTI-FA and 
processing speed measurements in OOA and HCP cohorts. The lines represent the result of 
the linear correlation analysis between two cohorts. The positive correlation for ρp 
coefficients was significant r=0.62, p=0.04. The positive correlation ρG for was not 
significant (r=0.45, p=0.16).
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Table 1
Heritability of processing speed and FA values in Amish and HCP populations.
Global phenotypes OOA HCP
Processing speed 0.43±0.20 (p=0.005) 0.49±0.09 (p=2×10−6)
Whole-brain average FA 0.87±0.24 (p=6×107) 0.88±0.03 (p=1×10−25)
Regional FA values
Genu of the corpus callosum 0.76+0.28 (p=0.002) 0.89±0.02 (p=1×10−30)*
Body of the corpus callosum 0.88+0.26 (p=0.001*) 0.90±0.02 (p=1×10−25)*
Splenium of corpus callosum 0.72+0.28 (p=0.003)* 0.90±0.02 (p=1×10−26)*
Fornix (FX) 0.21+0.26 (p=0.198) 0.53±0.08 (p=1×10−9)*
Cingulum (cingulate gyrus) - L and R combined (Cing) 0.90+0.30 (p=0.001)* 0.81±0.04 (p=1×10−22)*
Corona radiata - L and R anterior, superior and posterior sections combined (CR) 0.67+0.26 (p=0.018) 0.87±0.03 (p=1×10−23)*
External capsule - L and R combined (EC) 0.80+0.32 (p=0.011) 0.82±0.05 (p=1×10−15)*
Internal capsule - L and R anterior limb, posterior limb, and retrolenticular parts 
combined (IC)
0.71+0.31 (p=0.009) 0.86±0.03 (p=1×10−28)*
Superior longitudinal fasciculus - L and R combined (SLF) 0.62+0.25 (p=0.002)* 0.87±0.03 (p=1×10−28)*
Sagittal stratum (include inferior longitudinal fasciculus and inferior fronto-occipital 
fasciculus) - L and R combined (SS)
0.59+0.29 (p=0.027) 0.81±0.05 (p=1×10−19)*
Corticospinal tract - L and R combined (CST) 0.67+0.37 (p=0.08) 0.66±0.05 (p=1×10−18)*
Analyses in both cohorts were corrected for age, age2, age×sex and age2×sex. Bolded values are significant at p≤0.05.
*Values that are significant after correction for multiple (N=11) comparisons.
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Table 2
Phenotypic correlation coefficients (ρP ) between processing speed and FA value (corrected for age, age2, 
age×sex and age2×sex).
Trait OOA HCP
Whole-brain Average FA 0.37 (p=0.004) 0.17 (p=0.001)
Regional FA values
Genu of the corpus callosum 0.38 (p=0.002)* 0.09 (p=0.06)
Body of the corpus callosum 0.27 (p=0.04) 0.07 (p=0.18)
Splenium of corpus callosum 0.26 (p=0.05) 0.12 (p=0.01)
Fornix (FX) 0.09 (p=0.20) 0.08 (p=0.09)
Cingulum (cingulate gyrus) - L and R combined (Cing) 0.10 (p=0.20) 0.04 (p=0.41)
Corona radiata - L and R anterior, superior and posterior sections combined (CR) 0.32 (p=0.004*) 0.11 (p=0.03)
External capsule - L and R combined (EC) 0.14 (p=0.30) 0.08 (p=0.12)
Internal capsule - L and R anterior limb, posterior limb, and retrolenticular parts combined (IC) 0.19 (p=0.14) 0.11 (p=0.02)
Superior longitudinal fasciculus - L and R combined (SLF) 0.27 (p=0.02) 0.13 (p=0.003)*
Sagittal stratum (include inferior longitudinal fasciculus and inferior fronto-occipital fasciculus) - L and 
R combined (SS) 0.38 (p=0.002)
* 0.14 (p=0.005)
Corticospinal tract - L and R combined (CST) 0.19 (p=0.22) 0.15 (p=0.003)*
Bolded values are significant at p≤0.05.
*Values that are significant after correction for multiple (N=11) comparisons.
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Table 3
Genetic correlation coefficients (ρG ) between processing speed and FA value (corrected for age, age2, 
age×sex and age2×sex).
Trait OOA HCP
Whole-brain Average FA 0.63 ± 0.39 (p=0.04) 0.32 ± 0.10 (p=0.002)
Regional FA values
Genu of the corpus callosum 0.53 ± 0.33 (p=0.04) 0.14 ± 0.10 (p=0.14)
Body of the corpus callosum 0.45 ± 0.43 (p=0.20) 0.08 ± 0.10 (p=0.41)
Splenium of corpus callosum 0.75 ± 0.31 (p=0.02) 0.26 ± 0.09 (p=0.005)
Fornix (FX) 0.49 ± 0.19 (p=0.05) 0.33 ± 0.15 (p=0.021)
Cingulum (cingulate gyrus) - L and R combined (Cing) 0.18 ± 0.42 (p=0.09) 0.07 ± 0.11 (p=0.538)
Corona radiata - L and R anterior, superior and posterior sections combined (CR) 0.38 ± 0.44 (p=0.45) 0.24 ± 0.11 (p=0.02)
External capsule - L and R combined (EC) 0.38 ± 0.32 (p=0.20) 0.31 ± 0.12 (p=0.005)
Internal capsule - L and R anterior limb, posterior limb, and retrolenticular parts combined 
(IC)
0.28 ± 0.48 (p=0.50) 0.29 ± 0.10 (p=0.003)*
Superior longitudinal fasciculus - L and R combined (SLF) 0.39 ± 0.31 (p=0.28) 0.27 ± 0.10 (p=0.006)
Sagittal stratum (include inferior longitudinal fasciculus and inferior fronto-occipital 
fasciculus) - L and R combined (SS)
0.49 ± 0.23 (p=0.07) 0.39 ± 0.11 (p=0.0001)*
Corticospinal tract - L and R combined (CST) 0.61 ± 0.64 (p=0.29) 0.29 ± 0.11 (p=0.01)
Bolded values are significant at p≤0.05.
*Values that are significant after correction for multiple (N=11) comparisons.
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